AN INDIRECT TEST FOR THE SPECIFICATION OF EXPECTATION REGIMES
Peter Orazem and John Miranowski * Abstract-This paper develops an empirical strategy for testing competing hypotheses of expectation regimes when direct measures of expectations are unavailable. The procedure takes as given an assumed structural relationship between expected values of exogenous variables and a given decision variable. By imposing different expectation regimes on this model, we obtain an artificial nesting of the hypothesized regimes which allows us to test whether any specification dominates. This methodology is extended to multiple equation applications with any number of hypothesized expectation regimes. The tests are illustrated using a model of the response of county-level farm acreage allocation to expected commodity prices.
FOLLOWING the innovations in economic rtheory using rational expectations, economists have devoted increasing attention to the development of econometric models that are compatible with the rational hypothesis. A critical element of these models is the specification of the rational expectations regime. Typically, a rational forecast of future exogenous variables is assumed to be an optimal projection based on all currently available information. Such a specification, while empirically convenient, implicitly assumes that information is costless to obtain and process. On the other hand, if information is costly to obtain, then this optimal projection may not be the best approximation to the true rational expectation regime. In fact, in the absence of a measure of the cost of processing information, any number of expectation regimes could potentially reflect the true regime. This paper explores the possibility of deriving inferences regarding the true expectation regime indirectly through observations of behavioral responses to anticipated exogenous price shocks. We derive a model in which an agent's decisions depend, in part, on expected future prices. By imposing various price expectation regimes on the model, we derive empirically distinct models explaining the same decision variable. These models are not nested and thus are not subject to classical hypothesis testing. However, by artificially nesting these expectation regimes we are able to determine if any hypothesized expectation regime dominates all other specifications.
Rational behavior is most likely to be discovered in competitive markets. Agents who make poor decisions because of poor forecasts will not be able to compete in the market. Conversely, agents who consistently make enlightened decisions due to optimal cost-effective forecasts should prosper. In more concentrated markets, there is presumably less competitive pressure forcing agents to optimize their price forecasts. We therefore propose to test for expectation regimes in a competitive market.
Our selected competitive market is agriculture.
Agriculture is particularly well suited to this study because many agents are producing homogeneous products over an extended period of time. There are only a finite number of products from which to choose. Each period the agents choose how much land to devote to the production of each product based on common information regarding commodity prices. Furthermore, choices of production in one period affect production in subsequent periods, so that choices must be made on the basis of expected future prices as well as current prices.
In section I, we review the problem of specifying expectation regimes. Next, we propose an empirical strategy for testing alternative expectation regimes against each other. We then introduce a simple model of acreage allocation which easily accommodates alternative expectation regimes in section III. In section IV we discuss the data and results. The final section presents some conclusions and suggestions for future research.
I. An Econometric Strategy for Testing Expectation Regimes
Let y, be a vector of endogenous variables, W, be a vector of exogenous variables known at time t, and Xf+1 be a vector containing an agent's expectations of future values of a vector X,+,, conditional on information available at time t.
Agents are assumed to make choices concerning y,, given W, and X,,1. We can write this relationship as y, = /3 W, + yX,+ 1 + e, (la) t+1 =E (Xt+ lQ (lb) where ,B and y are reduced form coefficients representing possibly nonlinear functions of structural parameters, E is the expectation operator and Ot2 is the information set available at time t. To estimate (la-b), it is necessary to specify Xte+l (5) Suppose that economic theory suggests an alternative hypothesis about the expectation regime, X2 t + Once again, imposing the assumed true model structure, we can write our alternative hypothesis as' H2: yt = /2 + Y2X2et+l + e2, t (6) Because H1 and H2 are not nested, we cannot use classical tests to ascertain the validity of H1. We can, however, establish an artificial nesting procedure which allows us to infer the truth of H1. As Davidson and McKinnon (1981) have shown, we can consider the regression6 = (1 _ a)(3lWt + ylXet+l) 2+ e 2x2,t1) + et (7) where /2 and -2 are the maximum likelihood and test if the aj are jointly equal to zero. A successful expectation regime is one for which we cannot reject the test. Once again, it is possible that more than one regime is accepted or that all regimes are rejected.
In general, therefore, there are four types of non-nested tests that can be used. The first is the test of one expectation regime against the null expectation regime in a single equation. The second is the joint test of one expectation regime against the null across multiple equations. The third is the joint test of several expectation regimes against the null in a single equation. The fourth is the joint test of several expectation regimes against the null across multiple equations. In this way, it is possible to discover if any expec5Notice that even if the elements X2,,+, are fully nested in Xie,,+, we cannot use classical tests to determine the validity of X2e, 1 unless the true expectation regime is known or if we know that EMC holds. Therefore, we can use this procedure to test nested as well as nonnested expectation regimes. 6To ease complexity, models involving expectations of the future will usually be linear in expectations and exogenous regressors. Davidson and MacKinnon's J test is easily applied to such models. Should these models be non-linear, the J test may still be applied, although computation of the test will be more difficult and expensive.
7If a direct measure of X,+e1 is used, these can be the least squares estimates of /2 and Y2. If indirect measures of expectations such as equation (2) are used, one could estimate (la) and (2) jointly to capture /2 and y2. However, the two-step procedure (see Mishkin (1983) It is important to stress that the same structure must be imposed on each expectation regime. In this way, we can hold the structural model constant and determine how the various expectations hypotheses perform relative to each other. We cannot, for example, replace X2, ,, with the vector of its components Zt in estimating (6) unless we impose the rational expectations restrictions.
The reason is that using Zt in its unrestricted form allows both the model and the expectation regime to change, rendering invalid the inference of (7) as a test of the expectation specification. Clearly, it is impossible to test for the true expectation regime outside the context of a model unless Xel is known.
II. A Simple Model of Acreage Allocation
In this section, we propose a simple model of a farmer's acreage allocation decision which is linear in future commodity prices. This linearity assumption allows us to impose alternative empirical measures of expected future prices on the model without altering the structural model itself. We will use this model to illustrate the performance of the tests outlined above. We assume that the farmer's acreage decisions take the form it= Y,P + Yi2P4t + Yi3Plt+l + Y44P2t+l +Yi,P3+l + Yi6P4e+l + fiWt + (it; i=1,2,3 (9) where Ait is acreage in crop i in year t, Pi is the expected harvest price for crop i in period t, Wt is a vector of nonstochastic variables that influence Ait, and {it is an error ter'm. We assume that the errors have zero mean and may be contemporaneously correlated across counties and across acreage equations but that there is no correlation across time.8 We also assume that agricultural land has four potential uses where Alt is acreage in corn, A21 is acreage in soybeans, A31 is acreage in hay, and A41 is acreage in oats in period t. Even though this is a dubious expectation formation process, there is no requirement that we have faith in any or all of the expectation formation processes that we test. Furthermore, it will be interesting to see if we can reject an expectation regime that we would normally reject a priori, since HN should underestimate the information used in predicting future prices.
ITests for serial correlation in the model were inconclusive. The results obtained from the model correcting for first order serial correlation differed very little from those obtained using no serial correlation corrections, so we only report the results from the latter. 9The model can easily be extended to any number of uses. The choice of four crops in this application is guided by the characteristics of the crop rotation method observed in the data. These four crops make up all but a minute portion of the harvested acres in Iowa. Over the sample period, 49% of acreage in the four crops is in corn, 20% in soybeans, 18% in oats and 14% in hay. We implicitly assume that farmers allocate positive acreage to all four crops. There are, in fact, no corner solutions in the data. l?The use of the adding up constraint is required to generate simple closed form solutions to the underlying dynamic optimization problem. In fact, total acreage devoted to these four crops rose about 5% over the 26 year period covered by the study. However, acreage allocated to soybeans rose 480% over the period (from 15 thousand to 72 thousand acres per county) while oats acreage fell 71% (from 62 thousand to 18 thousand acres per county) and hay acreage fell 35% (from 37 thousand to 24 thousand acres per county). Thus, nearly all the acreage increase in soybeans came through a reallocation of acreage within the four crops rather than an increase in the acreage constraint.
"A detailed derivation is available from the authors on request.
The second expectation hypothesis that we consider is perfect foresight.
HP: Pet =Pi t pi$t+i = t+l-
If HN understates the information used in determining future prices, HP should overstate this information. Once again, it will be interesting to observe if we can reject this expectation regime, given that we would normally reject it a pnori.
The third expectation regime we explore is a rational forecasting model HR: P, t pi,et+ 1 izt where Zt is a vector of variables which are known in period t and which are believed to help predict future price movements.12
Technically, any number of expectation regimes could be tried. However, these three are sufficient to illustrate the procedure. We simply impose each expectation regime on equation (9). The estimated coefficients from these regressions are then used to create the artificially nested tests of each expectation regime against one or both of the other regimes, using equation (8).13
III. Data and Results
The expectation regimes were tested using data on acreage allocation in the 99 counties of Iowa from 1952 through 1977. The empirical measures of the theoretical variables are discussed in the appendix. The empirical strategy was to estimate equation (9) by imposing each expectation hypothesis successively. Joint estimation techniques were employed to account for possible contemporaneous correlation across the corn, soybean and hay acreage equations. In addition to the crop prices, we included in our W vector measures of spring rainfall, dummy variables for major land resource areas, and a time trend in each equation
to control for exogenous differences in the cost of soil preparation across crop type, space and time.
The results were surprisingly similar across the expectation hypotheses. Traditional measures of performance such as weighted mean squared error were virtually identical across expectation regimes. The rational forecasting hypothesis proved only slightly more successful in explaining movements in acreage allocation relative to the other two competing hypotheses. The rational forecast model explained 52.4% of the variation across equations as opposed to 52.3% and 52.2% for the naive and perfect foresight hypotheses, respectively. For all three expectation regimes, the model explained about 46% of the variation in corn acreage, 54% of the variation in soybean acreage and 56% of the variation in hay acreage. Once again, the rational forecast fit the data moderately better than the other two regimes. However, these goodness of fit measures do not tell us if the rational hypothesis significantly dominates the other hypotheses. In fact, they do not even tell us if the variation in acreage allocation explained by the naive hypothesis or the perfect foresight hypothesis is a subset of the variation explained by the forecasting hypothesis.
To answer these questions, we use the estimates obtained from (9) to set up the artificially nested equation (8). Successively using each hypothesis as the maintained hypothesis, we performed all four of the testing procedures discussed in section I.
For each hypothesis, we estimated the corn, soybean and hay acreage equations, imposing one or both of the alternative hypotheses. We then tested for the acceptance of each null hypothesis against each alternative hypothesis singly and against the alternative hypotheses jointly. These tests were performed within each acreage equation and jointly across the three acreage equations. 
IV. Conclusions
This paper has explored the possibility of inferring a "true" expectation regime from an agent's responses to market data. Because it is impossible to test an expectation regime without using a structural model, a method was proposed in which alternative expectation regimes were successively imposed on the same structural model. The parameters of these regressions were then used to establish an artificial nesting in which each regime was tested against all other hypothesized regimes both separately and jointly. The technique was applied to county level data on acreage allocation decisions from 1952 through 1977. The method easily rejected a priori dubious expectation regimes. However, it also showed that these dubious regimes could add information to regressions using a presumably more appropriate rational forecasting model as a proxy for expectation formation. Thus, even though the rational forecast proxy performed marginally better than other regimes, we cannot accept any of these expectations hypotheses based on the non-nested tests."4
These results leave an important question unanswered, that being whether a single "best" or even "acceptable" empirical expectation regime can be found. It is possible that the true regime is too complex to be satisfactorily mimicked by a simple empirical model. Further experimentation on other data sets will be necessary before a clear consensus can be drawn. A particularly interesting approach would be to use such a method to build successively better expectation regimes. For example, it would seem that a weighted average of several regimes may ultimately prove to be a dominant empirical regime. Further research on the techniques for building such expectation regimes would appear to be particularly rewarding. The choice of price used depended on the assumed expectation regime. For HF, the expected harvest price was taken to be the February futures price for September delivery for oats, November delivery for soybeans and December delivery for corn. February prices were chosen since acreage allocation decisions are typically finalized well ahead of tillage and planting. The choice of delivery date was dictated somewhat by the availability of a continuous series from 1952 through 1977. The expected harvest price of hay in the current year and the expected prices of all crops in the next year were obtained from the fitted values of regressions of harvest prices on information available in February. The regressors included past prices of all crops, government support prices, an index of fertilizer prices, a time trend, and a dummy variable to capture possible structural changes in the prices after 1972. These regressions are available from the authors on request.
For HN, past harvest prices were used as the current expected harvest price, and the futures price for delivery after harvest was used as the subsequent period's expected price.
For HP, the actual realized prices were used as the expected prices in each period.
The exogenous variables included a dummy variable for each of the six major land (soil) resource areas in Iowa as reported by the U.S. Department of Agriculture, a time trend and a measure of spring rainfall obtained from unpublished data provided by Dr. Robert Shaw.
14We should note that the failure of the forecasting regime to dominate the other hypothesized regimes cannot be considered overly surprising, given the theoretical questions concerning costless information collection, costless information processing, and the existence of a single stable forecasting regime.
